The ability to track and monitor relevant and important news in real-time is of crucial interest in multiple industrial sectors. In this work, we focus on cryptocurrency news, which recently became of emerging interest to the general and financial audience. In order to track popular news in real-time, we (i) match news from the web with tweets from social media, (ii) track their intraday tweet activity and (iii) explore different machine learning models for predicting the number of article mentions on Twitter after its publication. We compare several machine learning models, such as linear extrapolation, linear and random forest autoregressive models, and a sequence-to-sequence neural network.
INTRODUCTION
Social media and news play an important role in driving the fluctuation of economic indicators and financial markets [5, 10, 13, 18] in a nontrivial fashion. Recently, novel financial markets have emerged, that are exchanging between fiat money and cryptocurrencies [9] . As of December 2018, cryptocurrencies have a total market capitalization of $120 billion, with more than 250000 transactions per day. Therefore, it is not surprising that the rapid development of cryptocurrency has attracted increasing attention from news and social media.
A large volume of news articles about cryptocurrencies, published daily can make it hard for individuals or traders to filter out relevant information and make informed decisions in this domain. Fortunately, people share and discuss news every day in large quantities on social media platforms, e.g. on Twitter, which is the focus of this paper. Therefore, social media can be a good proxy to monitor and track "important" news about cryptocurrencies. Our work is motivated by the hypothesis that high engagement with a news article on Twitter is related to the "importance" of an article.
In this paper, we introduce an online data mining system which connects news and tweets discussing it. We also perform preliminary data exploratory and predictive analytics using machine learning and deep learning. Overall, the contribution of this paper is as follows: (i) We build an online data mining pipeline to extract news articles from a discussion on Twitter and collect tweets associated with the articles. This paired news and tweet data is continuously updated in a cloud database. This data is a rich source for studying public interest and attention on cryptocurrency and the potential effect of social media on the market. (ii) Based on the news and associated tweets collected by the pipeline, we perform exploratory data analysis to characterize news discussion on Twitter. (iii) We apply machine learning and deep learning models to predict the popularity of news articles on Twitter. We aim to predict the number of tweets mentioning a news article related to cryptocurrencies, which we consider as a measure of its "importance".
RELATED WORK
Many studies have focused on the relationship between social media, news, and other information from the www onto financial markets [1, 6, 13] . However, the main focus of our work is modeling and prediction of news popularity via social media. In [17] , the authors link a given news article to social media utterances that implicitly reference it through a dedicated query model. Tracking and automatically connecting news articles to Twitter conversations by Twitter hashtags was studied in [14] . In [3] , the authors constructed a multi-dimensional feature space derived from an article and use a conventional SVM to predict its popularity. The authors in [11] show how the class of temporal point processes (Hawkes) can be used for predicting Retweet dynamics. The authors in [8] propose how to leverage knowledge base information for improving popularity prediction. Starting from the idea that only a small amount of news articles become popular, [12] focused on the subset of the most popular news to rank articles. In [2] it formulates article importance prediction as a classification task using SVM.
In this paper, we exploit ensemble machine learning and sequence to sequence (seq2seq) deep learning to study the predictability of crypto news popularity on Twitter in real-time mode. In contrast to others, our analysis is focused on the intraday importance prediction.
DATA PIPELINE
The data pipeline consists of a real-time online system, with the following components: (i) Twitter collection, (ii) news article collection, and (iii) tweet-article matching.
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The Twitter data collection was implemented by using the publicly accessible Twitter streaming API with real-time filtering by a list of cryptocurrency related keywords.
The article data collection is obtained by scraping news from the dynamic set of gazetteer source URLs. The set of gazetteer source URLs is automatically updated by extracting the URLs from the content of downloaded tweets.
The tweet-article matching data is the document-oriented database, that contains matchings between news and tweets. The matching exists if the tweet explicitly contains the URL of an article.
First post-processing step is merging of articles. We merge the matchings of two articles if they fulfill the following 3 conditions: (1) the URLs of both articles share the same host as well as the same path; (2) both articles have the same title; and (3) both articles were published at the same time. These conditions allow for merging of same articles of which the URLs have different query strings. While merging the articles we also remove duplicate entries for the same tweets which are sometimes present in the database. For instance, Fig. 2 We work with three entities in our data: news articles, tweets, and matchings. Article entity has the following properties: URL, title, publication time and text. Tweet entity has the following properties: user-id, text, publication time and links. Each matching entity has article-id and list of matched tweets.
PREDICTIVE ANALYTICS
Let t 0 , t 1 be two timestamps with t 0 < t 1 < t 0 + δ , where we set δ to 24 hours in this paper. Given an article published at time t 0 and all tweets published between t 0 and t 1 that mention the article, the task is to predict the cumulative number of tweets mentioning the article between time t 0 and t 0 + δ . Here t 1 is the prediction starting time, i.e. how much historical data can be used to predict.
Feature Extraction
The time series feature f k is given by the number of mentions of the article between t 0 and t 0 + kd where k ∈ {j ∈ {1, 2, ...}|t 0 + jd ≤ t 1 }. As an example suppose that t 1 is 3 hours after t 0 and the article is mentioned twice, once and three times in hours 1, 2 and 3 since publication respectively. Then there are 3 time series features:
Note that the number of these features is not constant, but depends on t 1 .
We extract a vector of content features from each article, by using a keyword list to allow the models to learn individual dynamics for articles related to different cryptocurrencies. Each cryptocurrency is represented by a binary feature, that is set to 1 if one of the keywords related to the concept is present in the title of the article.
The amount of Twitter mentions might further be related to the publisher of an article. We then extract the 10 publishers with the highest numbers of mentions. For each of these publishers, we introduce a context binary feature set to 1 if the article was published by the respective publisher.
Predictive Models
As a baseline model, we use a linear extrapolation of the last k time series features by fitting a linear function of the time step to the dataset given by
The model ignores content and context features. In our experiments, we will choose k = 3.
An autoregressive model (AR) [15] of order k predicts the value at the next timestep K + 1 based on the values observed at the previous k timesteps K − k + 1, ..., K. In our experiments, we provide K as an additional input to the model. The idea is, that the dynamics can be very different a few hours after the publication and shortly before the end of the prediction window. In our case, we have to predict multiple steps in the future. This is achieved by recursively predicting next timestep and then using it as an input feature for multistep prediction. We use two autoregressive models: (i) linear AR model and (ii) random forest.
A random forest [4] is an ensemble of decision trees. The total response of the random forest model is the average prediction of all decision trees. In order to increase the variety of the individual decision trees, each tree is trained on a bootstrapped sample from the original dataset and uses only random subsets of the features for each decision.
Sequence-to-sequence model [16] consists of two recurrent neural networks (RNN): encoder and decoder. The encoder receives as inputs all available time series features. The initial hidden state is given by the final hidden state of the encoder. In our architecture, the output of the decoder at each timestep serves as input for a fully connected network with one hidden layer that outputs the predicted value for the next timestep. If context or content features are used, those features serve as additional inputs to the fully connected network. The predicted value is then used as the input at the next timestep. As a loss function, we use the sum of squared errors between the predicted values and the real values. Our sequence-tosequence model implementation is based on the gated recurrent unit (GRU) [7] , a variant of RNN.
EVALUATION AND RESULTS
Dataset
In this paper, we have done the evaluation of our real-time model with 23535 articles published between 2018-12-02 00:00:00 and 2018-12-09 00:00:00, and all tweets mentioning those articles. We want to estimate confidence intervals of the performance of the different models instead of just obtaining point estimates. Therefore, we use bootstrapping to generate 100 new datasets consisting of 2000 samples from the validation set. 
Set-up
Evaluation metrics
The goal of our prediction is to extract the most popular cryptocurrency related articles. Therefore, our evaluation focuses on the top k articles with most mentions on Twitter. We use standard mean absolute percentage error (MAPE) to measure the accuracy of the predicted number of mentions and normalized discounted cumulative gain (NDCG) to measure the quality of the induced ranking of articles. MAPE computes by how many percents the predicted value deviates from the actual value on average, while NDCG value of 1 indicates the correct ranking.
We vary the prediction start time to be 5, 10, 15 or 20 hours after publication time while keeping the target prediction time fixed at δ = 24 hours after the publication.
Overall performance
In Fig. 4 we see that all models make better predictions, the closer the prediction start time is to the target time. After 15 and 20 hours from the publication time, even the baseline model already achieves very good performance with MAPE of 20%. At prediction start times of 15 and 20 hours, the random forest (RF) and sequence-tosequence (S2S) model achieve a lower MAPE than the baseline.
At prediction start time 5 hours after publication advanced models achieve a significantly lower MAPE than the baseline. RF and S2S model achieve a MAPE around 30 − 40%, while the linear model is at about 45% and the baseline at 70%. For predictions starting 10 hours after publication, the baseline and the linear model improve significantly over their performance 5 hours after publication. However, RF and S2S model still achieve a significantly lower MAPE. It is instructive to look at the NDCG as well. Here, the baseline model achieves an NDCG of around 0.9 only 5 hours after publication.
In addition to achieving the best model performance in our experiments, the RF model also gives us a natural way to quantify the prediction uncertainty. Instead of just calculating the mean of the ensemble predictions, we can calculate percentiles of the predictions to get prediction intervals with 95% coverage. This is shown in two example time series in Fig. 5 .
Finally, the trained AR model is deployed to do online predictions on real-time data. The data extraction server is deployed on the Google Cloud, which constantly retrieves new tweets and articles and finds the tweet-article matchings. The matchings are saved as a new batch into a document database, deployed on Amazon Web Services. The online news popularity prediction is visualized in an interactive webpage 1 , which also provides the open sourced datasets collected by the pipeline.
CONCLUSION
In this paper, we introduce an online data mining system relating cryptocurrency news to the tweets discussing them. This data pipeline paves the way for monitoring cryptocurrency news of public's interest, identifying and predicting popular news, and tracking public opinions towards cryptocurrencies.
Data exploration on the collected paired news articles and tweets characterized top publishers, and top cryptocurrencies discussed on Twitter. We also perform preliminary predictive analytics using machine learning and deep learning models. This work is a first step towards providing a prediction system, that detects articles that are going to become popular shortly after they are published. hours after publication, the baseline and the linear model improve significantly over their performance 5 hours after publication. However, RF and S2S model still achieve a significantly lower MAPE. It is instructive to look at the NDCG as well. Here, the baseline model achieves an NDCG of around 0.9 only 5 hours after publication.
Finally, the trained AR model is deployed to do online predictions on real-time data. The data extraction server is deployed on the Google Cloud, which constantly retrieves new tweets and articles and finds the tweet-article matchings. The matchings are saved as a new batch into a document database, deployed on Amazon Web Services. The online news popularity prediction is visualized in an interactive webpage 1 , which also provides the open sourced datasets collected by the pipeline. 1 Link to the webpage: http://cryptodatathon.com/ranknews
Data exploration on the collected paired news articles and tweets characterized top publishers, and top cryptocurrencies discussed on Twitter. We also perform preliminary predictive analytics using machine learning and deep learning models. This work is a first step towards providing a prediction system, that detects articles that are going to become popular shortly after they are published.
